The recent advances in molecular biology, such as the advent of next-generation 26 sequencing (NGS) platforms, have paved the way to new exciting tools which rapidly 27 transform food microbiology. Nowadays, NGS methods such as 16S rDNA/rRNA 28 metagenomics or amplicon sequencing are used for the taxonomic profiling of the food 29 microbial communities. Although 16S rDNA/rRNA NGS-based microbial data are not 30 suited for the investigation of the functional potential of the identified operational 31 taxonomic units as compared to shotgun metagenomics, advances in the bioinformatics 32 discipline allow now the performance of such studies. In this paper, a bioinformatics 33 workflow is described integrating predictive metagenomics profiling with specific 34 application to food microbiology data. Bioinformatics tools pertinent to each sub-module 35 of the pipeline are suggested as well. The published 16S rDNA/rRNA amplicon data 36 originated from an Italian Grana-type cheese, using an NGS platform, was employed to 37 demonstrate the predictive metagenomics profiling approach. The pipeline identified the 38 microbial community and the changes that occurred in the microbial profile during 39 manufacture of the food product studied (taxonomic profiling). The workflow also 40 indicated significant changes in the functional profiling of the community. The tool may 41 help to investigate the functional potential, alterations, and interactions of a microbial 42 community. The proposed workflow may also find an application in the investigation of 43 the ecology of foodborne pathogens encountered in various food products.
bioinformatics pipeline is the inclusion of an additional step for the prediction of 113  114  115  116  117  118  119  120  121  122  123  124  125  126  127  128  129  130  131  132  133  134  135  136  137  138  139  140  141  142  143  144  145  146  147  148  149  150  151  152  153  154  155  156  157  158  159  160  161  162  163  164  165  166  167  168   4   68 metagenomes. In addition, the proposed food-focused pipeline involves a selection of 69 tools and their specific sequential use along with the statistical tests, describing a step-70 wise use of each program and statistical test in each submodule. This will provide a quick 71 and easy reference for the user who would like to use the programs in correct order. The 72 16S rRNA amplicon data originated from a Grana-type Italian cheese using an NGS 73 platform (Alessandria et al., 2016) were used to demonstrate the predictive metagenomics 74 profiling approach. 75 76 2. Bioinformatics workflow 77 The workflow integrates two main stages: the preprocessing (quality control of 78 the sequences) and quantification (identification of the operational taxonomic units - 79 OTUs, their potential interactions, and functional potential). The latter includes two sub- Table 1 presents the use of a specific program and statistical test in each stage and 85 submodule of the pipeline. Alternative software that can be employed is also proposed, to 86 enhance the step-wise description of the analysis workflow. Therefore, this list is not 87 exhaustive but there are several relevant programs which the interested readers can seek 88 in other excellent reviews regarding the existing software tools for bioinformatics 89 analysis of metagenomic data (De Filippo et al., 2012; Dudhagara et al., 2015; Escobar-90 Zepeda et al., 2015; Ladoukakis et al., 2014; Oulas et al., 2015; Roumpeka et al., 2017; 169 170  171  172  173  174  175  176  177  178  179  180  181  182  183  184  185  186  187  188  189  190  191  192  193  194  195  196  197  198  199  200  201  202  203  204  205  206  207  208  209  210  211  212  213  214  215  216  217  218  219  220  221  222  223  224 proposed bioinformatics pipeline of Fig. 1 ) was carried out .   225  226  227  228  229  230  231  232  233  234  235  236  237  238  239  240  241  242  243  244  245  246  247  248  249  250  251  252  253  254  255  256  257  258  259  260  261  262  263  264  265  266  267  268  269  270  271  272  273  274  275  276  277  278  279 and species level. The taxonomy at the species level was not possible for all the OTUs.
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The matrix was filtered further by applying the same filtering criteria with Alessandria et 134 al. (2016), i.e. including only those OTUs with abundance ≥ 0.5% in at least two samples.
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The filtered table was the final output kept for all the subsequent steps.   281  282  283  284  285  286  287  288  289  290  291  292  293  294  295  296  297  298  299  300  301  302  303  304  305  306  307  308  309  310  311  312  313  314  315  316  317  318  319  320  321  322  323  324  325  326  327  328  329  330  331  332  333  334  335  336   7   136 After removal of the sample identified as outliers, no significant differences were 137 observed between the three D, E and F batches regarding the microbial community with the rest. The two metagenomic samples "whey starter" and "raw milk plus whey 153 starter" were grouped displaying similar taxonomic abundance patterns. Finally, a third 154 distinct group containing only the samples originated from curd and ripening was formed.
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For investigating in more detail the identified taxa within and between the 156 samples, the data of the OTU table obtained with SILVAngs pipeline were introduced to 157 GraphPad Prism v6.07 (GraphPad Software, Inc., San Diego, CA, USA) to construct a 158 stacked bars chart (Fig. 4 ). The figure presents the main microorganisms found in the Lactococcus sp., respectively, because they were not visible alone in Fig. 4 . 393  394  395  396  397  398  399  400  401  402  403  404  405  406  407  408  409  410  411  412  413  414  415  416  417  418  419  420  421  422  423  424  425  426  427  428  429  430  431  432  433  434  435  436  437  438  439  440  441  442  443  444  445  446  447  448   9   182 METAGENassist for comparative metagenomics was used to construct the heat map.
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Substantial differences between the two taxonomic profiles, the current (with SILVA as 190 Greengenes) were used to perform the taxonomic profiling (Yilmaz et al., 2014; 191 Balvočiũtė and Huson, 2017).
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The curd and early ripening metagenomic samples were dominated by pathways 222 associated with carbohydrate metabolism (Fig. 6a ). Cheese making (curd) and early 223 ripening samples were mainly located in the right part of the graph (Fig. 6b ). The ko 224 02060 (phosphotransferase system -PTS; membrane transport), 00564 225 (glycerophospholipid metabolism; lipid metabolism) and 00260 (glycine, serine, 226 threonine metabolism; amino acid metabolism) also appeared on the right of the vertical 227 axis (Fig. 6a) . The PTS is a mechanism of the bacteria with which they uptake 505  506  507  508  509  510  511  512  513  514  515  516  517  518  519  520  521  522  523  524  525  526  527  528  529  530  531  532  533  534  535  536  537  538  539  540  541  542  543  544  545  546  547  548  549  550  551  552  553  554  555  556  557  558  559  560   11   228 carbohydrates (Kotrba et al., 2001) . Lactobacilli consume sugars such as galactose and 229 lactose, and the glucose can be converted to pyruvate through glycolysis (Hemme et al., 230 1981; Premi et al., 1972) . Pyruvate is an important precursor of many metabolites such as 231 lactic acid, formic acid, acetic acid, acetaldehyde, ethanol, acetoin, diacetyl, and butane-232 2,3-diol (Hickey et al., 1983) . Moreover, thermophilic lactobacilli such as Lb. helveticus 233 and Lb. delbrueckii can produce peptides, amino acids and other metabolites that 234 stimulate the growth of Str. thermophilus (Courtin and Rul, 2004; Hemme et al., 1981) 235 and propionibacteria (Baer, 1995; Kerjean et al., 2000; Piveteau et al., 1995) . 561  562  563  564  565  566  567  568  569  570  571  572  573  574  575  576  577  578  579  580  581  582  583  584  585  586  587  588  589  590  591  592  593  594  595  596  597  598  599  600  601  602  603  604  605  606  607  608  609  610  611  612  613  614  615  616 12 251 characterized by the gradual increase of Lb. rhamnosus, Lb. casei, Lb. fermentum, Str. 252 thermophilus and Propionibacterium sp. (Fig. 4) . These microorganisms are known for 253 their proteolytic and/or lipolytic activity as well as for their ability to produce aroma (Carcano et al., 1995; Noël, 1999) .
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Consequently, the question above was explored using the microbial metabolic 673  674  675  676  677  678  679  680  681  682  683  684  685  686  687  688  689  690  691  692  693  694  695  696  697  698  699  700  701  702  703  704  705  706  707  708  709  710  711  712  713  714  715  716  717  718  719  720  721  722  723  724  725  726  727  728   14   297 ModelSEED (Henry et al., 2010) for each genome ID; widget 4, a predictive two-species 298 community metabolic model is created by the mean of COBRApy (Ebrahim et al., 2013; 299 Klitgord and Segrè, 2010) for each pair of microbes provided in the first widget; widget 300 5, predictions on the growth rates are made using flux balance analysis (Heinken and 301 Thiele, 2015; Varma and Palsson, 1994) for each two-species community; widget 6, the 302 metabolic network of the microbial community is drawn and the nature of interactions is 303 indicated using the D3.js visualization tool (Bostock et al., 2011) .
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The network in Fig. 7 depicts the predicted interplays between the 305 propionibacteria and NSLAB. When the availability of the metabolites is high 306 ("Complete_100"), propionibacteria is predicted to grow thus take a benefit from the 307 presence of the NSLAB. NSLAB are heterofermentative microorganisms producing 308 lactate among others, which can be used by propionibacteria. Lb. casei converts glucose, 309 especially when glucose is limited, to lactate (predominantly), acetate, formate, and 310 ethanol (Liu, 2003) . Interestingly, when the availability of the metabolites was reduced 311 by ten times ("Complete_10") there was an increase in the number of negative 312 interactions predicted to occur between propionibacteria and NSLAB, without a positive 313 interplay between them, meaning that NSLAB impairs the growth of propionibacteria 314 when there is higher competition for nutrients. Consequently, the nature of the interaction 315 is altered based on the metabolites availability. This probably explains partially the 729  730  731  732  733  734  735  736  737  738  739  740  741  742  743  744  745  746  747  748  749  750  751  752  753  754  755  756  757  758  759  760  761  762  763  764  765  766  767  768  769  770  771  772  773  774  775  776  777  778  779  780  781  782  783  784   15   319 as acetate, formate, and diacetyl that suspend the increase of propionibacteria (Jimeno et 320 al., 1995) . 
Conclusion
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The bioinformatics pipeline described in the present study may also find an 324 application to foodborne pathogens occurring in foodstuffs. As predictive microbiology 325 enters a new era of the integration of meta-and multi-omics in predictive modeling and 326 quantitative risk assessment in foods (Brul et al., 2012; Cocolin et al., 2017; Rantsiou et 327 al., 2011) , the workflow proposed here may constitute a useful tool. For instance, it can 328 respond to questions that concern risk assessors, food microbiologists and others dealing 329 with microbiological risk assessment studies: How the foodborne pathogens found in As any novel method, PMP also has constraints. In order, the method to make 334 reliable and accurate predictions about the gene content of an OTU, the genome of 335 reference or at least closely related microorganisms should be sequenced and available.
336
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